ABSTRACT The acoustic emission (AE) signal is weak due to the coupling and intersecting coexistence of other disturbance components in aluminum alloy metal inert-gas welding (MIG) process. It is necessary to analyze and process the AE signal for the accurate identification of the welding state. A time frequency feature extraction method based on synchronous compression wavelet (SST) and principal component analysis (PCA) is proposed in this paper. The SST transform is performed to the collected AE signal of the MIG welding process to obtain the time frequency distribution. The PCA is subsequently performed to the time frequency distribution of the AE signals to determine the principal components. The approximate entropies of the principal components are calculated to quantitatively express the state characteristics of the welding process. The proposed method is applied to the AE signal of the friction, arc shock and the crack in the aluminum alloy MIG welding process. The three kinds AE signals are identified by inputting the calculated approximate entropies into the support vector machine (SVM). The results indicate that the calculated approximate entropies highlight the characteristic ability of the different modal AE signals, which can be used for monitoring the aluminum alloy MIG welding process quantitatively.
I. INTRODUCTION
Aluminum alloy welding structure has the advantages of light weight, high specific strength and strong corrosion resistance, which is applied in national defense, aerospace, automobile and other fields. In the aluminum alloy MIG welding process, it is easy to produce defect in the welding seam zone under the combined effects of local heat and mechanical load. The existing defect such as crack seriously affects the sealing and strength properties of the welding structure [1] , [2] . In order to ensure the welding quality, the defect of aluminum alloy structure must be detected.
AE testing technology is a valid method for the welding state monitoring. AE signal is the elastic wave released by the energy within the material, which can express the physical phenomena essence of the welding defect such as crack
The associate editor coordinating the review of this article and approving it for publication was Jing Liang. generation and extension [3] - [5] . The AE signal generated by changing of the structural crack state owns the character of random instantaneous mutation in welding process, which is a typical non-stationary signal. It is difficult to realize welding crack detection by way of the conventional parameters of AE signal such as event rate and ringing count [6] - [8] . Due to the interferences of the friction and the arc shock, the collected AE signal of the welding crack is relatively weak, and the extracted feature parameter is not obvious. The online monitoring of welding state by AE signal is faced with difficulty due to the limited access to typical defect samples in reality. Therefore, the feature extraction method is proposed to highlight the characteristic ability of the different exaction source AE signals during the welding process. It is very important to achieve the effective monitoring of the welding state by AE signal under complex working environment.
The wavelet transforms, empirical mode decomposition (EMD) and local mean decomposition (LMD) are the main processing methods for non-stationary signal [9] - [12] . The wavelet transform is the common time frequency analysis method for AE signal. Liu et al. [13] proposed a crack AE source location method based on wavelet packet transform, which successfully realized the damage detection of the welding seam. Chen et al. [14] analyzed the AE signal of the friction stir welding of the 6061 aluminum alloy by wavelet transform. Wavelet transform is a multi-scale analysis method, which has good characteristics of local time frequency. The wavelet transform is suitable for the non-stationary signals, which has been widely applied to the arc signals in the welding field [10] . However, the wavelet transform is limited by the selection of the basis function and the uncertainty principle, which is unable to describe the changing of frequency as time accurately. Therefore, it is difficult to meet the requirement of the AE signal of the unknown frequency band and the multi-source coexistence in the welding process.
SST is a method combining wavelet transform and reorganization, which rearrange the energy of the AE signal to concentrate on the real instantaneous frequency. The time frequency distribution diagram obtained by SST has higher frequency resolution [15] . Therefore, SST can improve the frequency aliasing phenomenon and extract the destination components even thorough the relatively close frequency harmonic signals are included. In addition, the SST has better robustness to noise, which can obtain high resolution time frequency distribution when the AE signal mixes with the strong Gaussian white noise [16] , [17] . In recent years, scholars have applied SST in different fields. Li and Hu have performed SST to fault diagnosis of gearbox with good results [18] , [19] . Amezquitasanchez and Adeli [20] presented a new methodology for detecting, locating and quantifying the damage severity in the high-rise building structure by SST. Liu et al. [21] proposed a detection method by SST to extract the instantaneous frequency of the damaged structure, which have effectively tracked the time varying damage. It has been proved that SST is a more effective time frequency analysis method for non-stationary signal.
Learning from the existing literatures, the numerical parameters are mainly extracted from the time frequency distribution of the signal by SST, which are used for fault detection. The amount of time frequency data obtained by SST is very large. The sparsity becomes higher as the data amount increases. So it is difficult to extract the effective feature parameters. In order to extract the feature parameters from the large amount time frequency domain data by SST, it is necessary to highlight the characteristic ability of the AE signal. PCA is a multivariate method based on the two order statistical characteristics, which converts the high dimensional space into the low ones by the idea of coordinate transformation. PCA is remarkable in information compression and elimination of data correlation. You et al. [22] applied wavelet packet decomposition combined with PCA to extract the feature for the quality control of the laser welding process. Saha and Mondal [23] used PCA method to determine the best process parameters in manual arc welding process. Liu et al. [24] applied the PCA method to the photoelectric signal in welding process, which accurately predicted the welding state. PCA is used to compress the time frequency data obtained by SST, which can effectively extract the more effective feature information.
In this paper, a time frequency feature extraction method of the AE signals is proposed by combination of SST and PCA, which is used for the monitoring of the aluminum alloy MIG welding process. The SST is performed to the collected AE signals in the MIG welding process. The time frequency distribution of the AE signal is obtained. The PCA is subsequently performed to the time frequency distribution of the AE signals to determine the principal components. The approximate entropies of the principal components are also calculated to quantitatively express the state characteristics of the welding process. The proposed method is applied to the AE signals of the friction, the arc shock and the crack in the aluminum alloy MIG welding process. The validity and advantage of the proposed method are verified by the SVM for intelligent recognition of the three different modal AE signals. The organization of paper is as follows. In section two, the principles and methods of the feature extraction are discussed respectively, which include the theory and algorithm of the SST, PCA and approximate entropy. In section three, the experimental condition and scheme are designed, the proposed method is applied and results are discussed. The conclusions are summarized in section four.
II. PRINCIPLES AND METHODS OF THE FEATURE EXTRACTION

A. SST ALGORITHM
The SST algorithm is proposed by Daubechies. The process of the SST is that the wavelet coefficients are redistributed and compressed. Based on the wavelet transform, the corresponding frequency in each scale is obtained under the condition of the phase uninfluenced by the scale transformation. The scales at the same frequency are added to be compressed together, which improves the ambiguity along the scale direction and the time frequency resolution. The following steps are mainly included as following.
The continuous wavelet transform is carried out to the signal x(t):
is wavelet coefficient, a is the scale factor that is inversely proportional to frequency. b is the translational factor with time dependent. ψ(x) is the conjugate complex of ψ(x).
The actual wavelet coefficient spectrum W x (a, b) inevitably causes energy diffusion, which reduces the readability of the ridge line and makes the scale spectrum blurred. However, the phase is not influenced by the changing scale, so the instantaneous frequency can be calculated by the VOLUME 7, 2019 wavelet coefficient W x (a, b), which is expressed as following.
The instantaneous frequency is calculated to establish the mapping relationship between W x (a, b) and W x (ω x (a, b) , b) . The wavelet coefficients are transformed from time-scale domain to time frequency distribution. The subsequent process is to compress and rearrange the wavelet coefficient among the center frequency band according to the threshold γ and precision δ. The wavelet coefficients of the synchronous compression can be obtained. The SST is defined as following [15] .
where,
. Because the signal contains noise, the result will be unstable at W x (a, b) = 0, so it is necessary to set a threshold for |W x (a, b)|. The coefficients that are lower than the threshold will be removed, that is
, the value of 1.4628 denotes the standard deviation coefficient of the normalized Gauss distribution, and n is the number of the sampling points of the signal.
In practice, considering the discretization of the scale factor a, translation factor b and frequency ω, the discretized coefficient of the SST is calculated by the following equation (4) .
The equation (4) is the definition of the discretized SST, ω l is the frequency, ω is the half length interval at the center ω l in the scale spectrum, ω = ω l − ω l−1 , a k is the discretized point at the scale interval, a = a k − a k−1 . The coefficients of wavelet transform in frequency interval
2 ω are superimposed on ω l by equation (4), which compresses the frequency interval into a point. Since the W x (a, b) is limited to the center frequency ω l , the frequency curves is refined, the frequency aliasing is avoided effectively.
The different components of the signals can be extracted by SST. Firstly, the frequency band ranges of the different components are determined according to the ridge of time frequency distribution. Subsequently, the coefficients of T x (ω l , b) in the frequency band range of the signal are extracted, which are reconstructed to be the different components by the equation (5).
where, the x k (t) represents the extracted kth component. R ψ is the permissibility constant of the selected mother wavelet, which is expressed by
is the Fourier transform of the mother wavelet, ξ is the primary frequency of the mother wavelet, Re represents a real part of the signal, L k (t) represents the frequency range, T x (ω l , b) represents the coefficient of the synchronous compression transformation.
B. PCA PROCESSING
PCA is a common method to reduce the high dimensional data to be the low ones. The redundant information is eliminated by processing the raw data. The difficulty of the simplified processing is the resistance to external interference. PCA can reduce the correlation between inputting variables and the irrelevant influence [24] . The steps of the PCA are as follows.
T are the components of the signal x (t) by SST, the mean of the samples can be calculated by equation (6) .
According to the mean of the samples, the covariance matrix S can be constructed as following.
According to the covariance matrix S, the eigenvalues λ are calculated and sorted from the large to small one. The eigenvectors p are calculated based on λ, which are the principal components. The all eigenvectors are formed to be the
The principal components are determined by the cumulative percent variance (CPV). The CPV is used to measure the degree of information representation of the new generation components. The eigenvectors are sorted in descending order. The eigenvectors corresponding to the selected k principal components are considered to represent the all characteristics of the original data. The selection criterion of the principal component is calculated by the equation (8) .
λ is the eigenvalue of the feature vector data. It is generally considered that the current k principal components can cover more original data information when ϕ is more than 85%. The number of principal components can be determined by the equation (8) , and the former k principal components are taken as the sample characteristics.
C. APPROXIMATE ENTROPY ALGORITHM
Steven M. Princus proposed the concept of approximate entropy from the view of judging the complexity of the time series in 1991. Approximate entropy is to determine the similarity degree of a time series in pattern, which measures the probability of a new pattern generation when the dimension changes. The more complex is the time series, the corresponding approximate entropy is greater. The approximate entropy is not sensitive to the transient disturbance signal, which has good ability of resisting noise and anti-interference [25] . In the process of aluminum alloy MIG welding, the AE signal is a nonlinear and non-stationary signal, of which the calculated approximate entropy can effectively characterize the different welding states.
The different components of the time series extracted by the SST are
, the value of the pattern dimension m is given. According to the number of the time serial, a group of m dimensional vector of
The distance between the vector X (i) and the X (j) is defined as following.
The correlation integral of C m i (r) is defined as following.
where, (·) is Heaviside function, r is admissible deviation, C m i (r) represents the probability of the distance between X (i) and X (j) that is less than r.
The degree of the average autocorrelation m (r) of the time series vector {X (i)} is expressed as following.
The m (r) decreases as an increasing of m, that is, the association chance of state point in phase space decreases as an increasing of m.
The approximate entropy is defined as following.
The value of ApEn is obviously related to the values of n, m and r. According to the experiment, Pincus [26] proposed the approximate entropy has more reasonable statistical property when n = 75 ∼ 5000, m = 2 and r = 0.1 ∼ 0.25SD (u), the SD is the standard deviation of the original data. The approximate entropy of the AE signal is calculated under m = 2 and r = 0.15SD (u).
D. FEATURE EXTRACTION OF AE SIGNAL BASED ON SST AND PCA
In application of the feature extraction method, the experiments of the friction, arc shock and the crack in the aluminum alloy MIG welding process is carried out, and the AE signals are collected synchronously. The SST transform is performed to the collected AE signal of the MIG welding process to obtain the time frequency distribution. The components of the specific frequency ranges corresponding to the friction, arc shock and the crack are extracted respectively as evidence and proof for the different states of the MIG welding process. The PCA is subsequently performed to the components of the specific frequency range of the AE signal to determine the principal components. The approximate entropies of the principal components are calculated to quantitatively express the state characteristics of the welding process. The feature extraction process of the AE signal based on SST and PCA is shown in Fig.1 . The steps of the feature extraction are as follows: (1) The welding experiments are carried out under the given parameters, and the AE signals of the friction, arc shock and crack are collected simultaneously. Due to the unavoidable external interference factor imposed on the collected AE signals during the experiment, it is necessary to select the signal fragments that can accurately characterize the original signal. The 20 sets of data are selected from each AE signals of excitation source, which are divided into 100 sets of sample data.
(2) SST is performed to the selected signal segments to get the time frequency distribution, and the characteristic frequency ranges are also determined. The corresponding coefficients are also selected to reconstruct the components.
(3) The PCA is subsequently performed to the time frequency distribution to determine the principal components, which reflect the state characteristics of welding process. VOLUME 7, 2019 (4) The approximate entropies of the principal components are calculated, which are constructed to be the feature vector as T = (T apen1 , T apen2 , . . . , T apenM ).
(5) The approximate entropy feature vector T is used to construct the training and testing sample feature vector library.
E. SIMULATION VERIFICATION
A simulation signal is designed to verify the time frequency characteristics of the SST. The simulation signal is shown as following.
The signal is composed by three pulse signals. Morlet wavelet is adopted as the basis function, the scale factor is set to be 64. The simulation signals are analyzed by SST and the continuous wavelet transform (CWT) respectively. The results are shown in Fig.3 . As can be seen from Fig.3 , the signal characteristics can be identified from the time scale distribution by CWT. The signal characteristics can be also identified from the time frequency distribution by SST. The result by CWT has a relative wide, divergent energy and low resolution in time and scale direction, of which the energy cannot exactly concentrate on the scale characteristic of the signal. In contrast, the result by SST has higher fine frequency distribution, of which the energy distribution is more concentrated and higher resolution. It can be seen that the time frequency distribution of SST is better than that of CWT.
In order to verify the robustness of the SST algorithm to noise, the above simulation signal is processed by adding noise. The mean value of Gauss noise is 0 and the variance is 5. The waveform of the signal with noise and the frequency spectrum are shown in Fig.4 . SST and CWT are used to analyze the simulation signals with noise. As can be seen from Fig.5 , the interference of gauss noise has a certain degree influence on the results of the two kinds of transformation. Although there are some distortions of the results by SST, the frequency characteristics of the signal still can be presented. The three frequency components of the simulation signal are extracted, of which the energies concentrate on the vicinity of the signal frequency. The results by CWT have serious chaotic phenomenon, of which the spectrums have many other components under the influence of Gauss noise. The signal energy distributes over the whole spectrum, which cannot be gathered in the appropriate place. Therefore, the intrinsic characteristics of the signal cannot be presented by CWT. It can be seen from Fig.5 that SST has good ability of resisting noise and anti-interference, which can effectively separate the destination signal from undesired noise. SST can extract the instantaneous frequency information of the signal with the high resolution. Therefore, the filtering strategies are not adopted in this paper. As can be seen from the time frequency distribution by SST in Fig.5 , the frequency ranges of the signal are 35 ∼ 48kHz, 77 ∼ 85kHz and 196 ∼ 210kHz. Therefore, the coefficients of the three modal bands are extracted and reconstructed to be the components C1, C2 and C3. The comparison of the reconstructed components to the original signal is shown in Fig. 6 . The C1, C2, and C3 in the diagram correspond to three kinds of pulse components in the original signal. It can be seen from the Fig.6 that the components extracted by SST can accurately restore the components of the original signal under the influence of noise. Fig.7(a) is the reconstructed signal by the principal components after conducting the PCA to the C1, C2 and C3. Fig.7(b) is the approximate entropy of the reconstructed signal of Fig.7(a) calculated for every 500 data, and the results of 32 approximate entropy data points are obtained. As can be seen from the Fig.7 , the reconstructed signal of the Fig.7(a) retains main components of the original signal, which also contains the noise on the whole signal at the time of 0∼0.8ms. The reconstructed signals of the Fig.7(a) at the time of 0∼0.1ms and 0.7∼0.8 ms are more complex than the signal at the time of 0.1∼0.3 ms. So the calculated approximate entropy values of the signals at the time of 0∼0.1ms and 0.7∼0.8 ms are larger than that at the time of 0∼0.3ms. The signals at time of 0.1∼0.3ms, 0.3∼0.5ms and 0.5∼0.7ms correspond to the three AE pulse waves. The complexities of the three AE pulse waves at time of 0.1∼0.3ms, 0.3∼0.5ms and 0.5∼0.7ms increase in turn. The corresponding approximate entropy values of the three AE pulse waves increase in turn. For a single pulse waveform, the complexities of the eight segment data are similar, so the calculated approximate entropies value are close.
III. EXPERIMENT AND RESULTS ANALYSIS A. EXPERIMENTAL CONDITIONS AND SCHEMES
In the aluminum alloy MIG welding process, the AE signal are collected by the AE sensors, preamplifier, AE acquisition system and industrial control computer, which is shown in Fig.8 . The welding AE signals are collected by the AE sensors, preamplifier and the AE acquisition system, which are subsequently transmitted to industrial control computer by cable transmission. Experiments are done by the MIG welding machine and robot. The material of specimen is 6061 aluminum alloy. The specimen's thickness is 5mm, the Young's modulus is 70 GPa, the density is 2780 Kg/m 3 , Poisson's ratio is 0.3, the shear modulus is 26 GPa. The argon flow rate is 10 L/min, the elongation of the welding wire is 15 mm, and the diameter of the welding wire is 1.2mm. During the experimental process, the welding AE signals are collected, which are transmitted to the industrial control computer for display and preservation. The collected AE signals are analyzed and processed by Matlab. The welding parameters are set as shown in Table 1 . The specific parameters of the AE acquisition system are shown in Table 2 . In the AE signal testing experiment, the AE sensor is a key factor influencing the overall performance of the system. Therefore, the selection of AE sensor is very important. The AE sensor is RS-2A, the size is 19 ×15mm, the weight is 22g, the working temperature ranges from −20 • to 130 • , the working frequency ranges from 50kHz to 400kHz, the center frequency is 150kHz [27] .
AE sensor installation procedure in welding process includes as following. First of all, the position of the sensor on the specimen should be sanded and smooth in the process of welding experiment. Secondly, the AE sensor is pasted before welding. The distance between the location of the AE sensor and the welding seam is 60mm. Finally, the couplant between the sensor and the specimen should be added to avoid the loss of signal caused by the air barrier. The specific sensor placement is shown in Fig.9 . The couplant is a special type of silicone that fills between the sensor and the sample contact surface, which improves the ability of the AE energy to cross the interface. The AE acquisition system is made by Beijing Softland Times Scientific & Technology Company [27] . The AE acquisition system is an eight-channel synchronous and continuous collection device. The sampling accuracy is 16 bit, the sampling speed is up to 10 MHz per channel.
B. EXPERIMENTAL SCHEME
The continuous waveform acquisition mode is used to collect AE signals in welding process. AE signal of single event is obtained by experiment. The AE signal acquisition experimental programs are arranged as follows.
(1) The AE signal generated by friction is collected during welding experiment. The AE signal is mainly generated by the friction between the weldment and the platform body, as well as the workpiece installation clamp and the pressure exerting screw. During the welding process, the AE signals are generated by friction, which are collected by the AE acquisition system at the same time.
(2) The AE signal generated by arc shock is collected during welding experiment. The AE signal is generated by welding arc shock. In order to collect the AE signal of arc shock effectively, it is necessary to ensure the stability of the welding process during experiment.
(3) The AE signal generated by structure crack is collected during welding experiment. The AE signal of the welding structure crack is generated from releasing of the internal residual stress. Due to the AE signal is weak, it is necessary to avoid the interferences from the other sources. The AE signal is collected when the weldment generates deformation and crack.
According to the above experimental scheme, the repetitive testing of the AE signals of friction, arc shock and crack is carried out separately. 20 sets of data for each AE signal generated from the friction, arc shock and structure crack are collected respectively. Fig. 10(a) is AE signal waveform generated from the friction, Fig. 10(b) is AE signal waveform generated from the welding arc shock, Fig. 10(c) is AE signal waveform generated from the welding structure crack. 
C. TIME FREQUENCY FEATURE EXTRACTION AND CONSTRUCTION OF THE SAMPLE LIBRARY
The AE signals of the three different excitation sources are pretreated and analyzed. The AE signal fragment of each excitation source is selected to reflect the whole signal characteristics reasonably. The 20 sets of data are selected from each AE signals of excitation source, of which the length of each set data is five thousand. Selecting one thousand data points as a set of sample, the 20 sets of data from each AE signals of excitation source are divided into 100 sets of sample data. The 100 sets of sample data are calculated by the SST and PCA respectively, which are selected as training and testing samples. Fig.11 is the waveform of the friction AE signal and time frequency distribution by SST. Fig.12 is the waveform of the welding arc shock AE signal and time frequency distribution by SST. Fig.13 is the waveform of the welding crack AE signal and time frequency distribution by SST. SST can get the instantaneous frequency of the AE signal more accurately, which make the energy concentrate at the real frequency. The energy of the time frequency distribution is fine and has high resolution, which greatly improves the readability and description of the frequency changing as time. It can be seen from Fig.11 that the energy of the friction AE signal is mainly distributed in the frequency range of the 20∼60kHz. It can be seen from Fig.12 that the frequency of the arc shock AE signal varies as time obviously, which mainly distributes in the 20∼150kHz. It can see from Fig.13 that the energy distribution of crack AE signal is more extensive, which mainly distributes in the 80∼270kHz. According to the observation of the time frequency distribution, the component of specific frequency range corresponding to the AE events can be obtained as evidence and proof for the welding state. The three kinds AE signal fragments in Fig.11, Fig.12 and Fig.13 are taken as examples, of which the time frequency data are obtained respectively by SST. The principal components are determined by the PCA according to the contribution rate of 85%. Finally, the principal components are reconstructed for subsequent calculation and analysis. Fig. 14 is the principal components C1, C2 and C3 extracted from friction AE signal by SST and PCA. Fig. 15 is the principal components C1, C2, C3, C4 and C5 extracted from the welding arc shock AE signal by SST and PCA. Fig. 16 is the principal components C1 and C2 extracted from the welding crack AE signal by SST and PCA. The frequency ranges of the principal components of the AE signal are different, which represents the real physical information within the AE signal. As can be seen from waveform, spectrum diagram and time frequency diagram of Fig.17, Fig.18 and Fig.19 , the features of the reconstructed AE signal are more obvious, of which many unrelated information have removed. The reconstructed signal not only eliminates the noise signal, but also preserves the mutation characteristic. The characteristics of AE signal waveform and frequency spectrum are clear. The time frequency diagram is more refined and the energy concentration of AE signals is higher by SST. It can be also seen from Fig.17 that the friction AE signal is mainly distributed in the frequency ranges of 10∼40 kHz. It can be seen from Fig.18 that the welding arc shock AE signal is mainly distributed in the frequency ranges of 20∼100kHz. It can be seen from Fig. 19 that the welding crack AE signal is mainly distributed in the frequency ranges of 150∼260kHz. Thus, the difference of the each AE event is mainly reflected in the specific frequency range. Fig. 20 is the partial approximate entropies of the three kinds AE signals listed in Table 3 . As can be seen from Fig.20 , the approximate entropy based on SST and PCA is significantly different. Therefore, the AE signals are carried out by SST. PCA is performed to the time frequency distribution of the AE signal, of which principal components are determined to reflect the state characteristics of welding process. The approximate entropy of the AE signal reconstructed by the principal components is calculated respectively. The approximate entropy of the reconstructed AE signal can characterize the AE signals of the friction, arc shock and crack in the welding process.
D. COMPARISON AND ANALYSIS OF RECOGNITION RESULTS
SVM is developed by the statistical learning theory of the small sample machines and the principle of the minimum structure risk. SVM can find the optimum compromise between complexity and learning ability of model by limited sample information. It transforms the sample space to a high-dimensional feature space by kernel functions, which get the best promotion ability by separating the different types of samples as far as possible [28] . SVM is suitable for processing classification, of which the differences is reflected at the greatest extent. SVM has been applied successfully in the monitoring of welding process with accurate classification [29] - [31] .
Therefore, the SVM method is used to identify the three kinds AE signals. The Gaussian kernel function is selected in the training process, of which the kernel parameter are set by g = 0.8 and the penalty factor C = 1. The voting method is adopted in the recognition process, and finally the decision is made according to the number of votes. In order to verify the validity of the feature extraction, the approximate entropies of the same data are also calculated directly without conducting SST and PCA (denoted as direct way). The calculated approximate entropies by SST and PCA are inputted into SVM for recognition, which are compared to that by the direct way. The testing results are shown in Table 4 . The accuracy rate of the three states recognition is 96.7% by conducting SST and PCA. The accuracy rate by direct way is 90%. The proposed method by SST and PCA is more efficient, which can highlight the characteristic ability of the different exaction source AE signals. It has a better recognition result in the small sample case.
IV. CONCLUSIONS
Based on the SST and PCA, a time frequency feature extraction method for the AE signals is proposed. The approximate entropy is used as a characteristic parameter to identify the AE signals in aluminum alloy MIG welding process. The effectiveness of the method is verified by experimental analysis. The results are summarized as follows.
(1) The SST has been performed to time frequency analysis of the AE signals in MIG welding process. The time frequency distribution of the AE signal is obtained. SST can improve the frequency aliasing phenomenon and have good robustness to noise. The concentration and dispersion of the time frequency domain have been clearly presented to describe the variation characteristics of the AE signal.
(2) Based on the time frequency distribution of the AE signal, the PCA has been introduced to determine the principal components. The principal components highlight the characteristic ability of the AE signals of the friction, arc shock and crack. The approximate entropies of the principal components have been calculated, which can quantitatively characterize the welding states of the aluminum alloy MIG welding.
(3) The calculated approximate entropies of the AE signal of the friction, arc shock and crack are inputted into SVM for recognition, which verify the validity of the feature extraction. The results show that the calculated approximate entropy can effectively characterize the AE signal of the friction, arc shock and the crack. The calculated approximate entropy can be used as a numerical index for monitoring the welding state. It provides an effective method for the online monitoring of the aluminum alloy MIG welding process.
Because the aluminum alloy MIG welding process is complex, the further work will be considered as following:
(1) The experimental method of the three kinds AE signal in aluminum alloy MIG welding process is necessary to be further improved.
(2) The AE event detection method by Hsu-Nielsen methodology, or an alternative advanced AE detection method such as STA/LTA or Instantaneous Amplitude will be considered to obtain the AE signal of the friction, arc shock and crack in welding process respectively.
(3) The dynamic time warping method will be considered to obtain the AE signal fragment of each excitation source reflecting the whole signal characteristics reasonably.
(4) The sensitive feature vectors of the AE signal are necessary to be exacted for different welding state.
(5) The key parameters in SVM are further optimized to improve the recognition accuracy.
(6) The metallographic studies of the inspected specimen should be considered for validating the proposed method.
